ground-penetrating radar (Chan and Knight, 1999; Jonard et al., 2011; Klotzsche et al., 2018; Lambot et al., 2004a Lambot et al., , 2004b Lambot et al., , 2004c Stoffregen et al., 2002) sensors.
Microwave electric fields induce dipole moments among water molecules, and this is the basis of the ability of microwave sensors to measure the interaction between electromagnetic waves and water molecules (dipoles) within a soil medium. The dielectric constant of free water is close to 80 at 1.4-GHz L-band microwave frequency owing to free rotational dipole motion when not in contact with the soil particles. The dielectric constant of liquid water decreases according to an increase in the microwave frequency or soil temperature in Debye relaxation. However, for water molecules bound to soil particles, the rotational moment is hampered by the force of attraction between the water molecules and the charged mineral particles. This reduces the dielectric constant to about one-third that of free water (Jones and Friedman, 2000) . A valid estimation of soil moisture from microwave remote sensing measurements thus relies on our ability to accurately quantify the bound and free water fractions for the given soil sample. However, it is challenging to directly measure or estimate this phase information for soil water. One realistic solution is to approximate the ratio of bound and free water molecules in a DMM using the wilting point and porosity of the soil; bound water can occur when the soil moisture is lower than the wilting point, and free water is present when the soil moisture exceeds the soil porosity. Between these two points, there will be a mix of the two states. In this study, we improved a DMM by elaborating on the wilting point and the dry porosity terms for an organic-rich soil.
The organic matter (OM) of a soil may increase the specific surface area (O'Neill and Jackson, 1990) , leading to an increase in the bound water fraction within the soil (Wigneron et al., 2017) , and the pore-size distribution might shift from predominantly small pores to larger ones (Kellner and Lundin, 2001) . In addition, OM, with its multipore structure, can reduce the space taken up by the dense minerals in the soil volume, as illustrated in Fig. 1 .
Because of these microscopic and macroscopic mechanisms, an increase in OM may increase both the wilting point and porosity. This is supported by several pedotransfer functions, showing that the wilting point (Gupta and Larson, 1979; Jin et al., 2017; Rawls et al., 1982) and dry porosity (Saxton and Rawls, 2006; Tóth et al., 2015; Vereecken et al., 1989; Wösten et al., 1999) are higher for soils with higher OM content. If this impact of OM is incorporated into a DMM, the relationship between soil moisture and permittivity, and thus the relationship between soil moisture and brightness temperature (TB), will change accordingly. However, most currently used DMMs have been developed specifically for mineral soils only, and the specific impact of OM on soil permittivity in a DMM has not been widely studied. If information about the soil OM is not included, the forward modeling of the dielectric constant and, consequently, the TB is likely to be inaccurate, which in turn can lead to erroneous soil moisture estimates. This problem can be especially important for boreal regions, which cover about 13% of the world's land surface.
There are two solutions to this problem. Either the DMM structure can be addressed or the input parameters can be updated. Several empirical Roth et al., 1992; Topp et al., 1980) and semiempirical Mironov et al., 2009; Wang and Schmugge, 1980) DMMs are available for mineral soils, but only a few models have been developed with explicit consideration of OM. For soil moisture estimation using TDR sensors in organic-rich, sandy soil, various calibration models have been developed but are only applicable for the specific degree of OM (Bircher et al., 2016) . Furthermore, a study also proposed a DMM for organic-rich soil that updates the bulk density in a previous version of the model (Mironov et al., 2009) . This model has only been validated for thawed and frozen tundra in the 80 to 90% OM range. An empirical fitting model (Bircher et al., 2016) was proposed for organic-rich soil that can be applied to a specific soil texture and OM range. Though useful, these models were developed for a specific range of OM. They might be unreliable when applied to a wide range of OM for operational purposes. For more widespread applications, such as the generation of global soil moisture products, it is desirable to develop a model to cover the full range of OM contents. One Fig. 1 . Schematic illustration of the organic matter effect on the volume of pore (white space) and bound water (gridded layers) in macroscopic soil structure. example of a global system that includes OM in the computation of global soil hydraulic parameters (De Lannoy et al., 2014) both for land surface and TB modeling is the Goddard Earth Observing System Land Data Assimilation System, used to assimilate SMOS TB (De Lannoy and Reichle, 2016a Reichle, , 2016b or SMAP TB (Reichle et al., 2017) . However, the effect of OM (and the associated updated soil hydraulic parameters) on TB simulations has not been analyzed in detail.
In this study, we also propose a DMM that explicitly considers OM by computing updated soil hydraulic parameters and the effective dielectric constant of the soil for a wide range of different soil textures and OM concentrations. Our model builds further on the model of Park et al. (2017) by quantifying the wilting point and porosity based on the volumetric mixing ratio of the soil minerals and OM. The effect of OM on the soil dielectric constant and TB has yet to be fully investigated in the field of remote sensing (O'Neill and Jackson, 1990) . We hypothesized that improvements in the representation of OM and soil texture in the model will result in more accurate simulations of the dielectric constant and TB so that we ultimately retrieve a more reliable soil moisture estimate from global spaceborne sensors.
We compared the widely used models (Bircher et al., 2016; Roth et al., 1992; Topp et al., 1980) , which have been developed for use with portable soil moisture sensors, in the simulation of the real part of the effective dielectric constant. In addition, we also compared the most widely used DMMs for mineral soils developed by Wang and Schmugge (1980) , Dobson et al. (1985) , and Mironov et al. (2009) , as well as a version of the model proposed by modified to incorporate the OM in organic-rich soil.
Method
The main difference between the model presented in this study and existing mineral or OM calibration models is the inclusion of the wilting point and porosity for organic soils. The primary assumption in our approach is that accurate wilting point and porosity information is necessary in a microwave forward model because their changes due to the soil OM concentration affect the wavesurface interaction and subsequently the measured microwave TB. Figure 2 shows that the TB simulation model consists of three parts: (i) soil physics and hydraulic parameters, (ii) a DMM, and (iii) an RTM. We propose an improved forward model by introducing a new pedotransfer function for the wilting point and porosity (indicated by the black boxes in Fig. 2 ) to address uncertainty in soil moisture estimation (the blue box) based on ground-based observations and satellite-based remote sensing (the purple boxes). Figure 3 illustrates how the soil OM content affects (i) the wilting point and porosity calculated by the OM-related pedotransfer function models, (ii) the dielectric constant computed by the DMM proposed in this study, and (iii) the TB simulated by a RTM. We anticipated that by adjusting the wilting point and porosity as a function of OM ( Fig. 3a) , the soil hydraulic parameters will reduce the overestimation of the effective dielectric constant and the underestimation of the TB in organic-rich soils.
Soil Physics
The previously reported physically based DMM (Park et al., 2017) contains both wilting point and porosity information, but these are determined by USDA soil texture classes. To improve on ), and roughness parameter (Choudhury et al., 1979; Wang, 1983) , which are currently applied as ancillary data for SMAP Level 3 products. p. 4 of 19 this, the wilting point and porosity are calculated as a function of OM in the present study (the yellow box in Fig. 2 ). First, we apply a linear-type model for the wilting point (wp), similar to Jin's model (Jin et al., 2017) :
where v clay is the volumetric mixing ratio of clay (cm 3 cm −3 ), and OM is the organic matter content (%). Following this, for the calculation of soil porosity (p), the following pedotransfer function (Tóth et al., 2015) was applied in this study: 
where v silt is the volumetric mixing ratio of soil silt (cm 3 cm -3 ), BD is the soil bulk density (g cm -3 ), and OC is the soil organic C, defined as the OM divided by 1.72 (Stenberg et al., 2010 ) (%). Soil BD (Yang et al., 2014) is determined as
The wilting point and porosity vary with soil aggregation associated with OM, but here we simply use the amount of OM in the calculation of these parameters such as in Eq.
[1] and [2]. In addition, BD is not only determined by OM but also by the amount of vegetation components in the soil, such as roots and litter, and by individual agricultural practices. We will test whether the proposed model, outlined in Eq. [1-3], reasonably represents the effect of OM on the wilting point, porosity, and BD for high-OM regions despite these limitations. Table 1 shows the dielectric mixing models tested in this study. All models listed in Table 1 simulate the real part of the effective dielectric constant, which can be compared with measurements from in situ sensors, such as TDR instruments. However, among all models, the Topp model (Topp et al., 1980 ) (T o hereafter) and Roth model (Roth et al., 1992) (Mironov et al., 2009 ) (M hereafter) were used operationally in SMOS, the Advanced Microwave Scanning Radiometer (AMSR-E), and SMAP Levels 2 and 3 soil moisture retrievals. These two models consider both the real and imaginary parts of the dielectric constant and reflect the variability in soil texture, temperature, and frequency. However, there are no OM-related variables, which may result in uncertainty in TB simulation for organic-rich soils. The Mironov model was based on a function of soil BD and considered OM effects implicitly by its statistical relationship with BD. Accordingly, it can be applied to organic-rich soils in tundra by applying a specific range of BD from 0.563 to 0.666 g cm −3 rather than a function of OM properties. To investigate its operational applicability for this range of OM content and the impact of OM variability, in this study the model of has been extended by replacing the constant BD with the BD function in Eq.
Dielectric Mixing Models
[3] (M o hereafter).
The Park model (Park et al., 2017 ) (P hereafter) has recently been introduced for soil moisture estimation in mineral soils. The main difference between the P model and standard models such as M and D is the ability to simulate standing water (i.e., oversaturated soil conditions), which is critical for capturing soil states associated with surface runoff and flooding events. The P model also includes both wilting point and porosity information that can be linked to OM, as described in above. Our proposed model is based on the P model and considers organic matter explicitly (P o hereafter). Therefore, the P o model includes improvements on the P model and is suitable for organic-rich soil. The P o model is further divided into P o r (an OM input from the SoilGrid1km database [Hengl et al., 2014 ] into the P model) and P o h (OM input from the Harmonized World Soil Database [FAO, 2012] into the P model). Similarly to P o h and P o r, M o was also tested with these two different OM inputs (M o h and M o r, respectively). Based on these modifications, we tested the effect of OM on the calculation of the effective dielectric constant and subsequent TB simulation via the RTM introduced below.
Radiative Transfer Model
The soil reflectivity of rough surfaces for horizontal (r h ) and vertical (r v ) polarization can be computed using Fresnel scattering coefficients multiplied by a roughness attenuation term (Escorihuela et al., 2007; Wang and Choudhury, 1981; Wigneron et al., 2001) . The next step is the simulation of TB that considers canopy transmissivity and the static water fraction on the surface (see the Appendix for more information).
The forward simulation of the dielectric constant and TB (the purple boxes in Fig. 2 ) requires information about the soil mineral and OM content (the black boxes in Fig. 2 ), soil water (the blue box in Fig. 2 ), soil temperature (the red box in Fig. 2 ), and the vegetation component (the green box in Fig. 2 ). The forward simulation of the dielectric constant and TB can be evaluated by comparing them with TDR measurements of dielectric constants and SMAP TB measurements, respectively. Below, we evaluate the proposed forward model in terms of the dielectric constant and TB by comparing it, along with other published models (Table 1) , against ground-and satellite-based measurements.
Validation of Simulated Dielectric Constant
Before comparing the various model simulations with SMAP TB, it is necessary to validate the simulation of the dielectric constant at the point scale because it can directly show the OM effect without attenuation by vegetation opacity and its heterogeneity effect due to scale difference in the comparison. The simulation of the dielectric constant is performed with the input of the soil moisture estimated from TDR and soil texture and OM information. The result of the simulation is compared with the real part of the dielectric constant measured by TDR and validated by the following statistics:
Validation of Simulated Brightness Temperature
A challenging task in the evaluation of point-based forward TB simulations is to deal with the innate spatial scale issue when these simulations are compared with satellite TB. More specifically, TB simulations are performed with the input of the point-scale in situ soil moisture (SM) and compared against SMAP TB on a 40-km grid scale. If the surface properties within a 40-km grid are homogeneous, the TB simulation using any point measurement from this area can represent 40-km-scale TB comparable to SMAP observations. On the contrary, if the surface is heterogeneous, the point-scale simulation can differ significantly from the SMAP TB. However, the temporal trend of the TB variability from any individual points within a SMAP grid should be synchronized with precipitation events and daily evaporation dynamics. Therefore, we evaluate the temporal bias of the approaches first and remove the bias for the calculation of the unbiased RMSE (ubRMSE), a score that is less affected by spatial heterogeneity:
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After removing temporal bias, we can focus on the OM effect on the temporal variability of TB simulation. In addition, the correlation in temporal variability can also be the indicator for the improvement due to the OM consideration in the model under the minimal effect of the spatial heterogeneity. In this study, we applied the Pearson correlation in the evaluation. Finally, to investigate the OM effect on TB simulation across a larger domain, we forward calculate two-dimensional (2D) TB for the direct comparison with 2D SMAP TB across the test area. In this 2D experiment, the SMAP Level 3 SM rather than in situ SM is utilized as the soil moisture input to the RTM because a 2D soil moisture field is required in this simulation. For both the point and 2D simulations of TB, we rely on prior SM estimates that are retrieved using a TDR or satellite measurement. It is important to realize that both measurements probably suffer from a lack of accounting for OM.
Data
We investigate the impact of OM on the accuracy of dielectric constant and TB simulation by comparison with point-scale in situ measurements in mineral and organic-rich soils with a wide range of soil mineral mixing ratios. For this purpose, forward simulations have been performed with soil moisture content retrieved from TDR and validated with the measured real part of the dielectric constant collected from the data points in published studies (Bircher et al., 2016; Miyamoto et al., 2003; Roth et al., 1992; Wagner et al., 2013) . Furthermore, in these studies the ancillary information such as the mixing ratio of sand, silt, and clay, soil salinity, soil temperature, and OM has been used as shown in Table  2 . For simulation of the dielectric constant, soil salinity and temperature were assumed to be 0‰ and 20°C, respectively, based on previous studies (Bircher et al., 2016; Miyamoto et al., 2003; Roth et al., 1992) . The number of sample data used in the validation is 431 (data points) and covers the OM content ranging from 0.31 to 69.00% and soil textures from sand to clay. This validation of the dielectric constant estimation focused only on the effect of OM in the dielectric constant simulation model by excluding the effects of vegetation attenuation.
To investigate the effect of OM in pixel simulations, pixelbased TB simulations were compared with spaceborne TB measurements. Soil information for the model inputs was obtained from the Harmonized World Soil Database (FAO, 2012) and the SoilGrids1km dataset (Hengl et al., 2014) . In this comparison, we used SMAP retrievals (L3_SM_P V.2: horizontally polarized TB [radiometer], 36-km grid resolution, from descending [AM] mode [Chan et al., 201, 2018] ) over tundra and boreal forest in Alaska, where OM content is typically very high (Bircher et al., 2012; Jones et al., 2007; Mironov et al., 2010 Mironov et al., , 2013 Rautiainen et al., 2012; Watanabe et al., 2012) . In this study, the validation points listed in Table 3 were applied based on the availability of in situ measurements of complementary soil moisture and soil temperature over arctic and alpine tundra (Fig. 4) , which were sampled from the Soil Climate Analysis Network (SCAN; National Water and Climate Center, 2018a) and Snow Telemetry (SNOTEL; National Water and Climate Center, 2018b) databases of the NRCS and distributed by the International Soil Moisture Network (ISMN) (Dorigo et al., 2013) . For the comparison with measured TB, both the real and imaginary parts of the effective dielectric constant were required, and scatterplots were produced from 500 samples divided into four ranges according to OM contents. It should be noted that the DMMs applied for TDR using Stevens-Vitel Hydra Probe 50MHz (SNOTEL) and Stevens Water Hydraprobe Digital Sdi-12 (SCAN) are the polynomial equations whose parameters are set for the inorganic and mineral soils (Seyfried et al., 2005) .
Results and Discussion

Evaluation against the Point-Scale Dielectric Constant Data
To assess the effect of OM on the accuracy of soil moisture estimation, our proposed DMM for organic soil was compared with the dielectric constant measured by TDR sensors with other existing mineral and organic models in Table 1 (Fig. 5) (Bircher et al., 2016; Dobson et al., 1985; Miyamoto et al., 2003) . In the recent DMM (Park et al., 2017) , a 2°C difference during permittivity measurement causes a 0.002 cm 3 cm −3 difference in soil moisture estimation in the 0.35 to 0.40 cm 3 cm −3 range. Furthermore, under wetter conditions with >0.5 cm 3 cm −3 , a 2°C difference during permittivity measurement causes a 0.005 cm 3 cm −3 error in the soil moisture estimation using the DMM. The current soil moisture sensors (e.g., SMT-100, Hydra Probe, and 5TE) are measuring soil temperature as well, and for passive microwave estimation of soil moisture the soil temperature needs to be known. That circumvents this problem.
The validation was performed for various levels of OM content (Fig. 5 ). This validation of the dielectric constant has the advantage that no uncertainty is added by vegetation disturbance, which typically affects TB simulations.
The mineral soil models (the dotted lines) overestimated the dielectric constant compared with the organic models (the solid curves), especially for higher OM content (5-80%). Our findings suggest that, due to the overestimation in calculation of the effective dielectric constant by existing mineral models, the soil moisture measured in organic-rich soils by TDR may be greatly underestimated.
The T o , R o , and B o models were based on the empirical relationship of the dielectric constant with the soil moisture content in organic-rich soil samples. Because the variation in OM was only derived empirically in these three models, they lack a physical basis, which leads to simulation errors. Indeed, their simulation results underestimated the dielectric constant in organic soils (Fig. 6) . The M o model simulated inconsistently because of the high sensitivity of BD to variations in OM. On the contrary, our proposed model showed consistent performance by adjusting the wilting point and porosity according to the OM content. As the OM content decreased, OM had less impact on the TB simulation and the difference between P and P o decreased (Fig. 5) . That is, P o converged to the results of the mineral model in low OM.
In general, the effective dielectric constant of organic-rich soils is lower than that of mineral soils across a similar range of soil moisture content. According to Fig. 3 , the curve simulated by the OM model (solid red curve) has been further stretched along the x axis compared with the mineral model (dotted red curve) owing to the increase in the wilting point and the porosity for high OM content. Consequently, a larger OM induced an increase in the portion of bound water (low dielectric constant) and a reduction in the portion of free water (high dielectric constant) simultaneously. Owing to the reconsideration of the OM effect in the calculation of the effective dielectric constant, P o showed the best performance against TDR measurements (RMSE = 4.1 cm 3 cm −3 and absolute bias = 1.9 cm 3 cm −3 , which scores approximately half the error of other models) in Fig. 7 .
Evaluation Using SMAP Brightness Temperature Data
To investigate the effect of OM in the DMMs on TB simulation (no freezing conditions), a further validation was conducted for a region within the Alaskan boreal area (Yi et al., 2019) , which was monitored by the in situ stations from 1 June to 30 Sept. 2015. Via a comparison of TB simulations from the P o h, P o r, and P models, the OM effect can be investigated because these models only use the input of wilting point and porosity computed from OM according to Table 3 (P o r and P o h) or USDA soil texture classification without consideration of OM (P model). Our analysis focused on a time series in the central region of Alaska where in situ data are located within satellite footprints (Fig. 8) . Our findings suggest that TB simulation can be improved if the temporal variability of soil moisture is properly incorporated into the TB simulation by considering the OM effects on wilting point and porosity in the DMMs.
Notwithstanding the scaling issue, the temporal variabilities of the in situ soil moisture and the measured SMAP TB at the 40-km grid scale are well synchronized with respect to daily TB fluctuation (Fig. 8) . In this figure, the dynamic of the fluctuation in SMAP TB measurements tends to be smoother than the simulation performed with the point in situ data due to the larger spatial scale of the SMAP measurements than the in situ measurements. We simulated the TB with the various forward models based on the input of in situ soil moisture, and therefore we can directly compare them with the temporal variability of SMAP TB to determine the best performance among them. For example, at Eagle Summit, the TB simulation of the mineral models (P, W, D, and M) showed the significant decrease from dry (Day of the Year [DOY] 200) to wet (DOY 240) by as much as 40 K. During this period, the SMAP TB measurements showed a smaller variability of approximately 20 K. Notably, the issue of the sharp reduction displayed in the mineral models was mitigated in the OM model (P o r) and thus TB simulations were much closer to the SMAP TB measurements. This improvement is also reflected in the ubRMSE values.
Similar patterns for P o r were found in the Little Chena Ridge, Monument Creek, and Munson Ridge samples (Fig. 8) . This effect of OM on the TB simulation result (i.e., the mitigation of TB fluctuation with time) was also found in all of the cases presented in Fig. 9 , except Innoko Camp. In an oversaturated state (usually >0.48 cm 3 cm −3 ), the TB simulation did not show significant differences between the OM and mineral models. This effect of OM on TB can be explained by Fig. 3c : the difference in TB between the mineral (the dotted red curve) and the organic model (the solid red curve) initially increased under dry conditions and then started decreasing as soil moisture increased because of the dry porosity. In other words, the uncertainty caused by ignoring OM becomes intensified at a moderate level of soil water content rather than very dry or wet soil. Our analysis proposed that the temporal variation in the microwave TB for OM-rich soils will be lower than that proposed by existing mineral models. For example, in the sample with the highest OM content, Canyon Lake, the variance in TB simulation results among models was clearly observed under moderate levels of soil moisture. In addition, at Canyon Lake, OM became important Table 3 . Input information for the simulation of pixel-based brightness temperature from the Harmonized World Soil Database (FAO, 2012) (_h) and the SoilGrid1km database (Hengl et al., 2014) when SM was >0.2 cm 3 cm −3 . However, when SM reached a saturation point, this difference decreased. In the Innoko Camp sample, the difference in TB between P o r and P was larger within the range of 0.2 to 0.6 cm 3 cm −3 and became smaller at values >0.6 cm 3 cm −3 . Our results indicate that the uncertainty in TB simulation caused by OM is intensified in the presence of moderate levels of soil moisture. As shown in Fig. 8 , the reason for the lower variation originates from the DMM being divided into three phases of SM, which was determined by the wilting point and porosity (related cases in Fig. 9: 1, 2, 4, 5, 7, 8, 14, 15, and 16 ). It is also notable that the TB simulation can be affected by OM uncertainty due to vegetation optical depth (VOD of SMAP Level 3 products) in its computation using the MODIS normalized difference vegetation index (NDVI). When there was a significant difference in TB simulations despite the OM and SM content being similar among sites, our analysis showed that this difference was related to the VOD. For example, the difference between the P o r and P o h models for Nenana ( Fig. 9 , no. 5) was less significant than that of Canyon Lake (Fig. 9, no.  1) . The reason for the weaker effect of OM can be explained by the attenuation of soil emissions by high VOD. A more obvious influence of VOD can be found for the Kenai Moose Pens, where the temporal average of vegetation opacity was very high (0.81). At this site, all the DMMs, including the mineral models, had negligible differences in TB simulation. On the other hand, at Imnaviat Creek, where the vegetation opacity was as low as 0.15, the improvement in the estimation of TB was more prominent by incorporating OM (P o ).
In Fig. 10 , the DMMs that included the wilting point and porosity as a function of OM produced the most accurate TB predictions compared with the SMAP TB measurements, thus overcoming the underestimation produced by other models. In particular, our proposed DMMs (P o r or P o h) made the most accurate prediction compared with SMAP TB in the boreal forest regions in terms of bias, ubRMSE, and correlation coefficient. Based on rank validation, P o also performed better than P o h and the other OM and mineral models. The TB simulation over Alaska with the input of TDR SM is from no-OM DMMs, as mentioned above. This will exacerbate the positive bias and mitigate negative bias in the comparison. This effect might be reflected as a benefit in the bias score, especially in the performance of mineral DMMs such as P, W, D, and M under the uncertainty of VOD, soil roughness parameter, and standing water fraction because the SM as an input of the RTM is provided based on a TDR instrument with the mineral model for SNOTEL and SCAN.
Investigation of SMAP Soil Moisture Products
To investigate the current SMAP soil moisture products of Level 3 (no OM consideration within the RTM) and Level 4 (same RTM but combined with data assimilation containing hydraulic properties including OM), we compared the SMAP products within the red box in Fig. 11 (high OM content over northwestern Alaska). This region allows a proper investigation of OM effect because OM is very high (Fig. 11a ) without strong vegetation disturbance (Fig. 11b ). Across this region at that period, the measured surface soil moisture from ISMN sites within the red box in Fig. 4 ranged from 0.2 to 0.3 cm 3 cm −3 (see the soil moisture time series, 11-14, in Fig. 9 ). However, the Level 3 SMAP soil moisture retrieved by Single Channel Algorithm V-pol, which adapted the Mironov model (Mironov et al., 2009 ) (SM1 in Fig. 11 ) over the Alaska region has much lower values, <0.1 cm 3 cm −3 as shown in Fig. 11c , because SM1 is estimated without consideration of OM in the RTM, as illustrated in Fig.  12 . On the other hand, the soil moisture of SMAP Level 4 (SM2) is overestimated (0.4-0.5 cm 3 cm −3 ). Because one of the determining factors in the SM estimation from TB over this region (low vegetation) is the high OM content, it is reasonable to suspect that the OM effect is slightly overpowered in the SM2 (or the input of OM is too high) during the data assimilation. In our study, we simulated TB with the input of the SM measurements of the ISMN, which ranged between SM1 and SM2, and the OM-considered DMM. Then we validated the result of the TB simulation with the SMAP TB. The analysis of the bias and RMSE showed that the new approach is better than the Mironov model, which is used for the estimation of SM1 and SM2 via the current SMAP RTM.
Summary and Conclusion
In this study, we developed a DMM to account for the effect of soil OM on microwave signals explicitly. Our proposed model is an extension of the previous work of Park et al. (2017) to include variations of OM via adjusted soil hydraulic properties into a DMM and forward RTM. To validate the proposed model, simulations of the dielectric constant and TB were compared with in situ TDR measurements and remotely sensed SMAP TB and soil moisture products.
For a wide range of OM content, the developed model performed better than existing empirical calibration models for SM (Bircher et al., 2016; Roth et al., 1992; Topp et al., 1980) and semiempirical DMMs Mironov et al., 2009; Wang and Schmugge, 1980) . The TB simulated by M o h was unstable with time, while our new model uses OM to update the wilting point and porosity directly and reproduced the observed temporal variability in SMAP TB more realistically. Our findings indicate that the minor uncertainty in relation to OM within the BD term can lead to substantial underestimation of the effective dielectric constant and accordingly overestimation of TB.
The proposed model is applicable to both mineral and organic-rich soils without changes to the model structure because the OM is accounted for in the wilting point and porosity, which are parameters of the DMM. In addition, our model can be used in a wide range of OM concentrations, thereby providing a relatively simple and physically plausible model for improved remotely sensed soil moisture retrievals from, for example, the SMAP, SMOS, and AMSR2 missions. In this study, we found that current SMAP soil moisture products of Level 3 and 4 suffer from underestimation and overestimation issues, respectively. Our model can be used for the soil moisture retrieval algorithm (SMAP Level 3) to resolve the underestimation issue in the soil moisture estimation in high-OM regions. There are some recent SMOS (Kerr et al., 2010) and SMAP (Reichle et al., 2015 (Reichle et al., , 2016 (Reichle et al., , 2017 assimilation studies that account for OM in both the land surface and DMM via updated soil hydraulic properties. However, in this study, we found that it tends to overestimate soil moisture over a high-OM surface. The proposed approach can be applied for forward modeling in TB data assimilation systems (SMAP Level 4) to mitigate this issue. Fig. 4 using SMAP TB measurements (blue lines), in situ soil moisture (SM) content (black lines), and vegetation opacity (thick green dots) from MODIS; and dielectric mixing models (Park et al., 2017) with wilting point (Eq. [1]) functions and organic matter (OM) input from the SoilGrid1km database (Hengl et al., 2014) (P o r), with wilting point ( Jin et al., 2017) and porosity (Wösten et al., 1999) Fig. 4 ) using SMAP TB measurements (blue lines), in situ soil moisture (SM) content (black lines), and vegetation opacity (thick green dots) from MODIS; and dielectric mixing models (Park et al., 2017) with wilting point (Eq. [1]) functions and organic matter (OM) input from the SoilGrid1km database (Hengl et al., 2014) (P o r), with wilting point ( Jin et al., 2017) and porosity (Wösten et al., 1999) 6 Appendix Vegetation opacity t used in SMAP retrievals is a MODISbased product [MODIS 1000m MOD13A2(V005) NDVI ] based on the volumetric water content-NDVI relationship (Jackson et al., 2004; O'Neill et al., 2015) and the t-volumetric water content relationship (Jackson and Schmugge, 1991; Van de Griend and Wigneron, 2004) where R NIR and R RED are the radiance at 0.78 to 0.90 and 0.63 to 0.69 mm, respectively, where a 0-5 are 0.13, −1.24, 6.87, −11.41, 7.63, and 0 for C 3 plants and −2. 822, 30.699, −138.93, 347.96, −417.46, and 192 .64 for C 4 plants, and VWC b t =
[10]
The linearly proportional factor b is determined according to the structure of the canopy (Jackson and Schmugge, 1991) . This value can be estimated from the NDVI (O'Neill et al., 2015) . Then the transmissivity of the canopy (t) is computed using t and the incident angle q: Fig. 10 . Spatially averaged brightness temperature (Tb) evaluation scores for the 35 International Soil Moisture Network sites in Table 3 , calculated for the period from 1 June to 30 Sept. 2015 (left), and the number of counts for first rank among the tested models (right). The models included Wang and Schmugge (1980) (Park et al., 2017) with wilting point and porosity classified by USDA soil classification (P) and with wilting point (Eq. [1]) functions and OM input from the SoilGrid1km database (P o r) or with wilting point ( Jin et al., 2017) and porosity (Wösten et al., 1999) where T s is surface temperature, T c is canopy temperature (assumed to be the same as T s in this study), f w is the water fraction within a SMAP grid (MODIS MOD44W [Chan, 2013; Chan et al., 2016] ), and rw h and rw v are the horizontally and vertically polarized reflectivity of the water body, which are 0.68 and 0.52, respectively. 
